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Abstract
This paper presents a preliminary demonstration of an automated health assessment tool, capable of realtime on-board operation using existing engine control hardware. The tool allows operators to discern how rapidly individual turboshaft engines are degrading. As the compressor erodes, performance is lost, and with it the ability to generate power. Thus, such a tool would provide an instant assessment of the engine's fitness to perform a mission, and would help to pinpoint any abnormal wear or performance anomalies before they became serious, thereby decreasing uncertainty and enabling improved maintenance scheduling. The research described in the paper utilized test stand data from a T700-GE-401 turboshaft engine that underwent sand-ingestion testing to scale a model-based compressor efficiency degradation estimation algorithm. This algorithm was then applied to real-time Health Usage and Monitoring System (HUMS) data from a T700-GE-701C to track compressor efficiency on-line. The approach uses an optimal estimator called a Kalman filter. The filter is designed to estimate the compressor efficiency using only data from the engine's sensors as input. 
Notation

Introduction
Sand ingestion is a significant problem for helicopters operating in desert terrain. In Afghanistan and Iraq, operators have found that the sand erodes the compressor to the point where the ensuing power loss makes the helicopter unfit to operate after relatively few missions. This results in engines being pulled from service for overhaul at a much higher frequency than those operated under less harsh conditions. The increased maintenance requirement severely hampers the warfighters' ability to perform because the availability of assets is much less certain-mission readiness suffers and maintenance costs skyrocket.
All engines wear naturally with use. In general, as turboshaft engines degrade, their performance shifts away from that of a new engine. Over time they tend to run hotter than a new engine to produce the same power. The deterioration takes the form of reduced efficiency and altered flow capacity of the engine components, increased seal leakage, etc.; these variables collectively describe the engine's "health" and are called the engine health parameters. Because degradation negatively impacts engine power and it is important to recognize when power is compromised, complex nonlinear models have been developed to predict a turboshaft engine's available power, provide virtual sensors, and perform fault detection (refs. 1 to 3). These models attempt to match the engine outputs by adjusting their health parameters or similar-type variables to minimize the residuals, in the process generating health parameter estimates that provide the best fit to the engine data.
The degradation process is exacerbated by operation in a harsh environment. In particular, turboshaft engines operating in the sandy deserts of Iraq and Afghanistan have had to be overhauled after as little as 50 to 100 hr of operation, while engines operating under less extreme conditions can remain on wing at least 10 times that long (refs. 4 and 5) . The desert operation of a turboshaft engine results in a special case of deterioration because it is directly attributable to erosion caused by sand particles, and although some of the literature acknowledges that there may be shifts in a variety of health parameters, in general the performance loss is attributed substantially if not exclusively to compressor efficiency reduction (refs. 4, 6 to 8).
The current practice for determining the fitness for service of a T700 turboshaft engine, for instance, is through a procedure called a Health Indicator Test (HIT) check, which is performed daily on the ground. It involves checking that the available Turbine Gas Temperature (T4.5) margin at a specified steady state rotor speed and torque are adequate for each engine individually; failing the test means that the vehicle is grounded (ref. 9 ). This test requires pilot involvement, and is affected by ambient conditions. It provides simply a pass/fail grade, requiring the pilot only to make a notation if the margin is acceptable but below a threshold.
It would be beneficial to actually be able to track engine performance deterioration rather than just receive a passing grade. The ability to track the engine degradation would provide an instant evaluation of the engine's health, and would help to detect any abnormal wear or performance anomalies early, thus decreasing uncertainty and enabling improved maintenance scheduling.
The objective of this study is to demonstrate an algorithm that can estimate engine performance deterioration due to sand ingestion from real-time data. The algorithm is based on a linear approach, and its simple structure lends itself well to real-time operation. The following sections will introduce the linear estimation technique, set up and validate the estimator using a T700 engine, and finally run the algorithm with actual flight data to show how it might work in a real application. All data have been sanitized for publication.
Model-Based Approach
An open-loop turboshaft engine can be modeled well by a linear discrete time system of the form ( 1) ( ) 
where Notice that p in equation (1) is not a function of k, that is, it is considered to be constant relative to the engine dynamics. Thus equation (1) [ ]
This manipulation allows p to be estimated by a Kalman filter (eq. (2)). The caveat with this approach is that the number of health parameters that may be observed is limited to at most the number of sensed variables on the engine (ref. 13) , and specifically in this case to the number of sensed variables affected by deterioration. This limitation is often a drawback in the general model-based approach because the influence of unaccounted-for health parameters can be smeared across the estimated values (ref. 14). In the specific problem being addressed however, that of sand ingestion, it is assumed that this is not an issue because the vast majority of deterioration tends to be attributed to one health parameter: compressor efficiency.
This approach will be applied to data from a T700 engine, which will be described next.
The T700 Engine Model
The T700 turboshaft engine is 1600 horsepowerclass, modular, two-spool engine ( fig. 1 ) consisting of a gas generator section and a free power turbine (ref. 15 ). The gas generator section is made up of a five-stage axial and a single-stage centrifugal compressor, a low fuel pressure through-flow annular combustion chamber, and an air-cooled, two-stage, axial-flow, high-pressure turbine. The free power turbine is a twostage, uncooled, axial-flow type. There exists a oneway coupling between the power turbine and the gas generator, i.e., the power turbine extracts work from the gas turbine cycle but does not otherwise affect it. The power turbine is controlled to a constant speed.
In this work, a linear T700 model (ref. 16 ) was used to represent the baseline (undegraded) engine. This model has the form
This model was developed for use in a diagnostic application, and the state variables have no physical meaning, only the inputs and outputs represent actual engine variables. The input variables are Wf and Np, and the output variables are Ng, Q, T4.5, and PS3. The A matrix captures the dynamics of the engine (ref. 16 ).
Comparing to equation (1), the model in equation (4) has no D, L, or M matrices. The D matrix, which would appear as part of the baseline engine model, is zero. To incorporate the effects of component deterioration on the engine output variables, the influence coefficient matrices L and M need to be determined; these were not part of the original baseline model (ref. 16 ). Since the state variables in the baseline linear model have no physical meaning, L is set equal to zero. Therefore in this model the shifts in the output variables must be completely accounted for through the M matrix.
The sand ingestion data, which will be discussed next, were used to scale the steady state gain of the baseline model (fuel flow to each of the output variables) and also to construct the M matrix.
The Data Set
The data set consists of performance data from a sand ingestion test conducted at the Outdoor Engine Test Facility, Naval Air Warfare Center, Patuxent River, Maryland. Over a two-month period, 70 lbs of sand was ingested through a T700-GE-401 turboshaft engine to evaluate the effects of sand erosion on engine performance. The sand eroded the engine components, thus altering their efficiency. Alternating with the sand ingestion runs were performance runs, carried out to determine how the engine was operating. Each performance run consisted of generating multiple steady state data points at various values of T4.5 by varying the load while maintaining power turbine speed. Altogether there were 115 steady state points generated in 25 performance runs. Data collected included the steady state values of Wf, Np, Q, Ng, T4.5, PS3, and ambient conditions. Before the sand ingestion testing was begun and again once it was complete, the engine components were evaluated to determine their overall efficiency and thus their change in efficiency due to erosion. Using these data, the linear model in equation (3) was scaled to enable the on-line estimation of the health degradation due to erosion.
Model Scaling
The first step in the scaling process was to put the data into a usable form. Engine operation is strongly influenced by the ambient conditions, among other things, and it is hard to compare raw data taken on different days under different conditions. A way around this is to correct the engine variables, that is, to adjust all of the data to a common point, in this case sea level standard day (ref. 17) . This adjustment, which is shown in the appendix, significantly reduces the scatter in the data and makes it easier to analyze. It also makes it easier to design controllers and estimators because fewer operating points need to be accounted for. Correcting data might collapse it enough to enable the use of a single point design rather than a series of designs. The corrections based on ambient conditions handle the majority of the necessary data adjustment, but many other corrections may be applied to account for humidity, fuel temperature, and any other type of variation between the actual and "defined" conditions to potentially reduce the data spread even further.
In steady state, x(k+1) = x(k), so the steady state outputs of the open-loop engine (eq. (4)) may be represented as 
This gives the steady state relationship between the input Wf and each of the outputs within the linear range. The steady state gain of the baseline engine, which is needed for scaling the linear model, can be determined using the corrected data. Figures 2 to 5 show the highly linear relationship between Wf and each of the output variables. In these figures, the color bar on the right indicates when the data were collected; the earliest, at the beginning of the sand ingestion testing, is blue, the latest, at the end of the sand ingestion testing, is red. The line on each of the figures represents the steady state input-output relationship of the baseline engine, thus its slope represents the steady state gain. It is assumed that the steady state gain is not influenced by degradation, consistent with equation (1) . Thus the lines were obtained through a least squares fit, using baseline data (earliest run) as well as degraded data (later runs). In both figures 2 and 3, the data seem to form a single line, so in each case all data points (except the two at the lower left, which are out of the linear range) were used to determine the slope and y-intercept of the line. In figures 4 and 5, the data sets from different performance runs form lines that are nearly parallel. Thus the average of these slopes was taken to represent the steady state gain for T4.5 and PS3. After determination of the slope, the yintercept of each line was computed using only the data from the earliest run (the baseline condition). Thus the lines in figures 4 and 5 characterize the input-output relationship at the baseline condition, and as the engine degrades, these relationships shift up or down, which is expected (ref. 18) .
It is not shown here, but obviously the output variables are uncorrelated with Np, since it is held constant while they vary. Thus the column of B corresponding to the Np input in equation (4) is multiplied by a small scale factor, maintaining the model form but rendering this input inconsequential. This essentially reduces the number of inputs to one: Wf. Now it is straightforward to match the steady state gains of the model to those determined from the data. The correct steady state gains (eq. (5)) were obtained by scaling the C matrix in the engine model (eq. (4)) to match the data. This was accomplished by multiplying the row of C corresponding to the specific output variable by an appropriate value so that equation (5) matched the slopes determined from the data.
It is counterintuitive that Ng ( fig. 2) and Q ( fig. 3 ) do not seem to shift as the engine degrades, but it should be noted that even if Q does not shift from the baseline condition, the degraded engine still cannot produce as much torque at high loads because the increased T4.5 will hit a controller temperature limit sooner than for a new engine, restricting fuel flow and thus limiting power.
Notice that for T4.5 ( fig. 4) , the line has a breakpoint at which the slope changes. Since the data are used with a linear model, the values must actually represent deviations from a trim value. Thus, once the data were corrected, a trim point was selected and subtracted from each element of the data set; here the trim value corresponds to the point where the discontinuity in the slope of figure 4 occurs. Thus all results, starting with figure 2, are based on deviations from the corrected trim point. The final step in the model development was the determination of the influence coefficient matrix M from equation (3), with L assumed to be zero. It is reasonable for L to equal zero because it affects the state variables, which have no physical meaning in this linear model, and the shifts in output variables (T4.5 and PS3) can be completely captured through the M matrix. Table 1 shows the direction of influence of the efficiency shifts (losses) on the measured variables based on information in the literature (refs. 19 to 21), and the data.
Based on the sand ingestion results, the influence of degradation on Q and Ng was set to zero, the influence on T4.5 was set to be negative (it increases as efficiency decreases) and the influence on PS3 was set to be positive (it decreases as efficiency decreases). Two points must be made here. First, the effect of the power turbine efficiency shift is apparently not observable in the measured parameters since Q is the only variable measured downstream of the power turbine and it shows no change with deterioration, implying that η PT cannot be estimated. Second, since only two sensed variables are affected by the degradation, only two component efficiencies at most can be estimated (or two combined effects, since Δη Comp actually represents the combined shift in the axial and centrifugal compressors). Thus potentially only η Comp and η GG can be individually estimated, and if Δη PT is truly not observable from the measured data, the fact that the entire shift is attributed to Δη Comp and Δη GG does not introduce error in the estimates. However, efficiency shifts will be individually observable only if their effects are linearly independent of each other, i.e., if the columns of M are linearly independent. Looking at table 1, it is clear that shifts in η Comp and η GG have similar effects on the output variables, making it hard to distinguish between them. Thus in this case, η Comp and η GG can be lumped into a single efficiency parameter, η. This implies that M is a single column, similar to the "Data" column in table 1.
The engine that underwent the sand ingestion testing was evaluated pre-and post-test to determine the total efficiency shift of the components due to erosion. The shift, ∆η, was assumed to be the direct cause of the shift in T4.5 and PS3 and thereby used to scale the M matrix of the linear model of the T700 engine to account for degradation. Post-test analysis of the eroded engine components indicated a decrease in efficiency of the three components. For illustrative purposes, say Δη Comp = -1.8 percent, Δη GG = -0.7 percent, and Δη PT = -0.5 percent. It was noted that this pattern of degradation is atypical and that in the field primarily η Comp is affected. Although the sand ingestion data do not represent the results of true desert operation, the implementation used in this effort is still applicable for that situation. While shifts in three efficiencies occurred during the testing, η PT is not observable, and Δη Comp and Δη GG have similar effects and thus are lumped together into one parameter, Δη, which is estimated and all deterioration attributed to it. The effect of this lumped parameter is similar to that of η Comp alone had there been no change in η GG , which is the case with desert operation. Here Δη = Δη Comp +αΔη GG where αΔη GG corresponds to an equivalent value of Δη Comp that would produce a similar shift in the output variables; for the example, say α = 1.
Since the actual degradation values are known, the elements of M must be selected as the ratio of the total shift in measured variables over the sand ingestion testing to the efficiency shift, with signs that correspond to the data influences in table 1. Thus the elements of the M matrix are computed as [0 0 ∆T4.5 ∆PS3] T = M∆η. The Kalman filter was then generated based on equation (3) using the matrices from equation (4) Because of the breakpoint in the T4.5 slope, two different Kalman gains were computed and the appropriate one used depending upon whether Wf was above or below the trim value. The piecewise linear approach could be extended to lower power levels, given enough data to generate the additional linear models.
Results
The objective of this effort was to demonstrate the feasibility of estimating engine deterioration on-line in real time. This required dynamic data and an estimator appropriate for the on-line application. The "dynamic" data set was created from the performance run data by first taking the 115 data points in order, each consisting of a set of steady state input/output values, and "holding" the values for 500 samples each (100 sec at five samples/second), thus generating a time series made up of steps for each variable. The time series data were then low pass filtered to round the steps in an effort to mimic dynamic performance-the intention was not to add artificial T700 engine dynamics, just to provide a smooth transition between steady state points. Finally, noise was added to each variable. The sequence of the model input variable Wf is shown in figure 6 .
Running this data set through the Kalman filter simulated real-time, dynamic operation of the system, although the data sequence was generated with steady state data. The estimation performance of the Kalman filter is shown in figures 7 and 8. The sequences of residuals (differences between estimated and actual measurements) for the output variables Ng, Q, T4.5, and PS3 are shown in figure 7 . The efficiency estimate, along with the average estimate from each performance run, is shown in figure 8 . Clearly the result matches the known value (the difference of the lumped efficiency shift ∆η = ∆η Comp +∆η GG = -2.5 percent, between the end points) as seen from the estimation average. Recall that each performance run consisted of several steady state points at different loads but the same deterioration level, so the stair-stepping effect seen in figure 8 is a function of power level. The deterioration level at the in-between points (during the sand ingestion testing) is not known so these intermediate results cannot be validated, but show a general downward trend from the start point to the end point which is what one would expect. This helps to build confidence that the estimator is working as intended. The development and validation of an on-line component efficiency estimation tool using the sand ingestion data is now complete. However, in order to make the estimator more practical, a significant implementation issue must still be considered, that of a reduced data set. This is discussed next.
Practical Considerations
Although Full Authority Digital Engine Controllers (FADECs) are planned for use on the T700-GE-701D, current T700s without a digital controller have few digital measurements available. In fact, there is no Since the data seem to support a strongly linear relationship between Wf and Ng and Wf and Q, unaffected by degradation, Ng and Q can be used to estimate a value for Wf. Since T4.5 is the only measured variable that is affected by deterioration, a Kalman filter must be developed using a new M matrix. With the reduced data set, it is assumed that the total efficiency shift (∆η) corresponds to the total shift in turbine gas temperature, i.e., the matrix M is computed such that ∆T4.5 = M∆η (the amount T4.5 is shifted for a given value of Wf is proportional to the shift in efficiency). A "minimum variance" estimate of fuel flow Ŵ f may be generated as the weighted sum of Q and Ng, which have a linear relationship to Wf. Thus 
where the delta terms represent the steady state gains of the variables (the slopes of the lines from figures 2 and 3), and σ x is the standard deviation of the sand ingestion data. Thus the relative weight given to each of the two measurements in equation (6) is related to the spread of the data around the straight line representing the slope; the tighter the relative fit, the greater the weight. (This is an approximation of the minimum variance estimate based on steady state data, in a true minimum variance estimator, the measurement noise variance of each variable would be used.) The Wf residuals (difference of estimated and actual) are shown in figure 9 ; the large values near the beginning correspond to the two low power points which are out of the linear range. Figure 10 shows the efficiency shift estimated from the "time" sequences generated by stretching out the steady state data; the estimates using both actual Wf and estimated Wf are presented for comparison. Although noisy, the plot has the correct downward trend (except for the two low power points near the beginning) and approximately correct total efficiency shift. Again, even though the estimated efficiency here is a combined effect, in the field, degradation as a result of sand erosion is primarily limited to the compressor efficiency, so the technique would also be valid under normal circumstances for desert operation. The on-line compressor health estimation tool has now been demonstrated and validated using a data set similar to what is currently available on most T700 engines. The estimator will next be applied to actual inflight T700 data. The level of degradation of the engine components is not known, so the results cannot be validated. The purpose is to show that the estimator produces results that could be interpreted, given more information about the engine. 
Evaluation Using HUMS Data
Health Usage and Monitoring System (HUMS) data were obtained from an in-service T700-GE-701C engine, which is a different version of the engine that was used to scale the model. The operating environment for the aircraft with this engine is unknown to the authors. The data available included Ng, Q, T4.5, Np, and ambient conditions. Once the data were corrected, Ng and Q were used to estimate the unmeasured Wf. Data from a single flight, takeoff through landing, were used to test the transient capability of the estimator. The flight covered nearly the complete power range of the engine, and the estimator is valid over only about the upper half, based on the sand ingestion data used to determine its model. Figure 11 shows the efficiency estimate as well as the power level over a portion of the flight where the model is valid. The power level varies about 40 percent, yet the compressor efficiency estimate is fairly stable, varying generally less than 2 percent during transients and well under 1 percent in the steadier power regions. The large magnitude of the estimated efficiency shift (shifted 24 to 25 percent from trim) is probably due to differences between the -401 and -701C engines that would result in different scaling or trim values for the -701C linear model. Note that the estimate is used to detect an efficiency change over time, so the deviation from trim is not relevant and is, in fact, arbitrary. Analysis using the HUMS data showed that the efficiency estimate varies slightly but linearly with power over a wide range of power levels, indicating that a gain adjustment within the estimator would provide a constant estimate across the linear range, or that the apparent component efficiency shift actually varies with power (ref. 23). There is no way to validate the estimate obtained with the HUMS data because there was no independent testing of the component efficiency.
Sources of Error
Many assumptions were made in order to perform the analysis and generate the results described in this paper. Some were simplifications, others were due to lack of information, and still others were the result of the interpretation of the sand ingestion data. The ramifications of these assumptions are discussed in this section.
The estimation of Δη included the effect of Δη Comp and Δη GG from the sand ingestion data because the corresponding columns of M were determined to be nearly linearly dependent, since changes in η Comp and η GG have very similar effects (ref. 19) . Even though the system was intended for use in the desert where most deterioration occurs in the compressor (Δη≈Δη Comp , Δη GG ≈0), this simplification appears valid for the more general case.
In a turboshaft engine, the apparent degradation level can appear different at various power conditions (ref. 20) . This was seen to a small extent in the sand ingestion data (the stair-stepping in figure 8 tended to be small and would probably not be noticeable using noisy flight data), and even though it was noted with the HUMS data, where the efficiency estimate varied linearly with power, the Kalman filter could have easily been rescaled to produce a constant efficiency estimate across the power range of interest. This may be related to the assumption that the steady state gain of the engine variables to fuel flow does not change with deterioration; unaccounted-for changes in this relationship would appear as efficiency variations with power.
In the test data, Ng and Q did not noticeably shift with engine degradation. This result was unexpected because it means that SHP (which equals Q×Np) versus Wf does not change with deterioration, although T4.5 versus SHP does increase. Since Ng and Q were used to estimate fuel flow in the cases with the limited data set such as might be available to engines without a FADEC, it introduces a potential source of error. If Ng and/or Q were to shift as the engine deteriorated, this approximation would not be valid, even though this contradicts the sand ingestion data.
Power turbine speed was not accounted for as an input to the model (it was present but scaled by a small number) because it seemed to be uncorrelated to the engine outputs. Although it is maintained essentially constant, when corrected the change was significant. Since the correction factors are based on ambient conditions and Np is controlled to an absolute value, Q was considered to be a more significant variable than SHP for modeling purposes. The fact that Np was not used as a model input may have an effect on transient operation.
Much of the literature attributes degradation due to sand ingestion primarily to compressor efficiency, considering degradation of other components insignificant. As long as the assumption is correct in the field, estimation of compressor efficiency alone will produce a meaningful value; otherwise, as in the sand ingestion data where η Comp , η GG , and η PT all changed, the results could be misleading (unless the effect of variations in other health parameters and Δη Comp are nearly linearly dependent).
Health parameters besides efficiency, such as flow capacity, are not accounted for at all in the current modeling. Here again, this has the potential to produce misleading results if shifts due to flow capacity are attributed to efficiency and their influence is different.
All of the data used to scale the model are from a test cell. Extra variation in the data due to such factors as altitude and air speed is not seen here. These variations might be harder to eliminate through parameter correction, making the linear relationship more complicated. This might require the model to incorporate variable gains scheduled on altitude and other variables. However, preliminary analysis of the HUMS data did not reveal a dependence on altitude or air speed.
An attempt was made to eliminate from analysis the HUMS data that were affected by such confounding factors as the anti-ice system being on. The model might need to be rescaled to account for these types of factors.
Conclusions
The on-line health assessment tool for the T700 turboshaft engine produced very consistent, repeatable results, even with transient data, and the variation was acceptably small, generally within 1 percent. There is however a need to validate the fuel flow estimate or incorporate an actual fuel flow measurement. Even though the Kalman filter was based on a different engine model, the results were remarkably good, providing justification that this type of algorithm should be investigated further for inclusion in future condition-based maintenance systems. The wide power range covered by the piecewise linear model makes the algorithm extremely attractive for this application because it is so easy to implement. In a sand environment, it provides a relative compressor efficiency value, which can be used to determine fitness for service similar to the way a HIT check does, and it also provides the ability to track performance changes to detect abnormal wear quickly.
Data correction to standard day conditions is performed using the following relationships. First, the parameters δ and θ are calculated as 
